9 Forecasting a catastrophic collapse is a key element in landslide risk reduction, but also a very 10 difficult task, owing to the scientific difficulties in predicting a complex natural event and also to 11 the severe social repercussions caused by a false or a missed alarm. A prediction is always 12 affected by a certain error, however when this error can imply evacuations or other severe 13 consequences a high reliability in the forecast is, at least, desirable. 14 In order to increase the confidence of predictions, a new methodology is here presented. 15
based on the hypothesis that if a landslide follows a peculiar time-dependant geomechanical 55 behaviour (called creep; Dusseault and Fordham, 19940) , it will display a hyperbolic 56 acceleration of displacements before failure; by extrapolating this trend from a displacement time 57 series through empirical arguments, it is possible to obtain the predicted time of failure. However 58 such methods do not always produce good results. 59 One of the most famous methods is Fukuzono's (1985a) , which derives from Saito's (1969) , 60 from here on simply called F and S method, respectively. It requires that during the acceleration 61 typical of the final stage of the creep (tertiary creep), the inverse of displacement velocity (v -1 ) 62 decreases with time. The collapse is forecasted to occur when the extrapolated line reaches the 63 abscissa axis (corresponding to a theoretical infinite velocity). Such line may either be convex, 64 straight or concave (Fukuzono, 1985a) . When it is straight this phenomenon is sometimes 65 referred to as Saito effect (Petley et al., 2008) . 66 The possibility to find landslides showing the Saito effect has been related to the mechanical 67
properties of the sliding mass. However there is no general consensus on this issue. 68
According to some authors (Petley, 2004; Petley et al., 2002) , in order to display the Saito effect, 69 landslides need to display a brittle behaviour (which indicates a drop from peak strength to 70 residual strength value, deformation which is concentrated along a well defined shear surface, 71 sudden movements and catastrophic failure, usually associated with crack formation in strong 72 rocks); furthermore only brittle, intact rocks evolve in catastrophic landslides and therefore can 73 be predicted; for others (Rose and Hungr, 2007) , on the opposite, landslides displaying the Saito 74 effect must have ductile failures in order to be forecasted (i.e. slower, indefinite deformation 75 along a shear zone and under a constant stress, typical of sliding on pre-existing surfaces of soft 76 rocks), as brittleness is characterized by sudden, impossible to anticipate, ruptures. 77
This complex subject is made even more difficult due to the influence of external factors 78 (rainfall, earthquakes, excavations), structural constraints (joints, faults, contacts with different 79 lithologies) and sometimes unknown elements within the mass (the conditions of the shear 80 surface, the history of the landslide, the presence of rock bridges). Therefore it is often hard to 81 establish the mechanical behaviour and even more to find an exact correlation between the 82 mechanical behaviour of a landslide and the possibility to predict its failure. 83
The concept of predictability 84
Before assessing the influence of geomechanics on the predictability of a landslide it is first 85 necessary to address the concept of predictability. The usual way to apply landslide forecasting methods based on displacements, is to obtain a 101 single predicted time of failure (t f ) and to update such prediction as soon as new data are 102 gathered (Rose and Hungr, 2007) . This is a deterministic approach, since the real time of failure 103 (T f ) is predicted through a single inference. 104
On the other hand, in order to account for the uncertainty of the methods and complexity of the 105 phenomena, predictions should have a certain confidence (for example given by the standard 106
deviation of t f ). This is especially important for operative early warning systems. We achieved 107 this probabilistic approach by reiterating the equations from Saito (1969) , Fukuzono (1985a) and 108 Mufundirwa et al. (2010) for finding t f , using continuously new data. The latter method will be 109 called M method from here on. 110
The predictions are plotted versus the time when they have been made (time of prediction, t p ). 111
We call these diagrams prediction plots ( Figure 1) . A prediction is considered reliable when the 112 inferences oscillate around the same t f . Figure 1 also shows that since reliable predictions usually 113 display an oscillatory trend, the most updated one is not necessarily the most accurate, contrarily 114
to what is usually believed (Rose and Hungr, 2007) in fact, the length of the dataset is more 115 important, from which T f can be estimated through simple statistical analyses (like mean and 116 standard deviation). 117
Since in some cases a single forecasting method can fail to give satisfactory results, in order to 118 improve even more the confidence in the predictions, a multi-model approach is adopted together 119 with the probabilistic approach. In fact, according to the Diversity Prediction Theorem (Page, 120 2007; Hong and Page, 2008) , diversity in predictive models reduces collective error. The highest 121 confidence, of course, is reached when all the employed method independently converge towards 122 the same result. For this research we confronted the results from S and F methods and from the 123 method by Mufundirwa et al. (2010) . The equations used for the iteration are obtained from the 124 respective authors and are: 125 , (1) 126 for S method, where t 1 , t 2 , t 3 are times taken so that the displacement occurred between t 1 and t 2 127
is the same as between t 2 and t 3 . 128 , (2)  129 for F method, where v 1 and v 2 are the velocities at arbitrary times t 1 and t 2 . 130 , (3)  131 for M method, where D is the displacement and t r is the angular coefficient of the line 132
represented in a space having B as the intercept. consistently forecasts the collapse few days ahead. 143
TIME OF FAILURE PREDICTION 144
In order to find a relation between the predictability of a failure and the geological features of the 145 landslide, S, F and M methods have been applied to a number of different real case studies. Some 146 geological features of interest relative to such cases are reported in TABLE 1, when they were 147 known or applicable. not be sufficient for spreading a reliable alarm as the single forecasts do not converge but move 156 forward to a different time of failure as the time passes by. 157
Similar behaviours can be observed also for the cases of Figure 2 that display landslides with a 158 different array of geological features (as seen in The results of the prediction plots can be roughly summarized reporting the mean and standard 166 deviation of the forecasts for each method (Figure 3 ). 167 The rock mass failure, Asamushi landslide and the artificial landslides are not shown as were 180 monitored in a different time scale (hours or minutes). 181
182

PREDICTABILITY INDEX 183
In order to evaluate the performance of S, F and M methods and to relate it to the characteristics 184 of the reported examples, an arbitrary scoring system has been implemented and attributed to 185 each prediction plot (considering that every time series has a prediction plot for each forecasting 186 method and that for some case studies more than one time series was available). This permits to 187 quantify the predictability of a collapse based on the prediction plot. A score from 1 to 5 has 188 been assigned according to the following criteria: are quite irrespective of the shape of the inverse velocity plot, the volume, the brittleness of the 208 material, the history of the landslide and so on (see also TABLE 1).
209
A comparison between Figure 3 and TABLE 2 illustrates how the mean and standard deviation 210 of the forecasts alone are not enough to represent the quality of predictions and, consequently, 211 the predictability of a landslide. In fact the importance of a single forecast strongly depends on 212 the time when it is made; for example, given the same set of forecasts (t f,i ), a higher P i is 213 obtained if the first predictions done are the farthest from T f while the final ones tend to converge 214 to it; in this way the prediction plot assumes an oscillatory shape (as for S and F forecasts in 215 Figure 1 ). Conversely, if the same forecasts are made with a different order so that they get 216 closer and closer to T f as time passes by (that is |t
prevailing on the others and it is not possible to define a more probable time of collapse (as for 218 M forecasts in Figure 1 ). However the average and standard deviation of t f are the same for both 219 cases and this explains why these two statistics alone are not as informative as a prediction plot. 220
From TABLE 2 it is also possible to assess which method gives the best results. The sum of the 221 scores for S, F and M is 119, 115 and 63 respectively. Overall S and F perform similarly, but for 222 a specific case study their effectiveness can be very different, therefore their result are 223 independent and not redundant; there is no indisputable clue suggesting when F method is more 224 performing than S and vice versa; nonetheless it appears that S is negatively influenced when the 225 displacement curve is not regularly accelerating (Liberty Pit, Stromboli), whereas for F a few 226 aligned points in the final tract in the inverse velocity plot are sufficient for predicting the failure; 227 however F forecasts are more disturbed when displacement data are noisy, since they use their 228 derivative (velocity) as input. Eventually M forecasts generally perform more poorly and rarely 229 (i.e. artificial landslides B and C) surpass those obtained from S and F methods. 230
Interestingly, different displacement time series belonging to the same landslide can display 231 different behaviours. This is a strong evidence that, even though the geological features do 232 influence the predictability of a landslide, assuming that they keep the same for the whole 233 landslide, other factors must determine the quality of the predictions. The last column of In conclusion, the results of the study are the following: 258
 Prediction plots are introduced as graphs showing the evolution of collapse forecasts with 259 time. Such plots provide more information than simple average and standard deviation of 260 the forecasts and improve the reliability of the final prediction. 261  A predictability index (P i ) has been introduced as a scoring system based on the 262 description of the prediction plot. 263
 The predictability of a landslide depends firstly on its kinematics and then on what 264 determines it (geology, external forces, local effects etc.).
265
 Landslide collapses can be forecasted whether they are in highly or lowly brittle 266 materials, in rock or in earth material, of different types, with different sliding surface 267 geometries, volumes and triggers. 268
 Contrarily to what is generally assumed (Voight, 1988; Rose and Hungr, 2007) , 269
landslides can be forecasted also with external forces acting. 270
 The asymptotic behaviour of the inverse velocity curve does not imply that the landslide 271 cannot be correctly forecasted, even though it can hinder the prediction. 272
 The asymptotic behaviour may be induced by external factors, lithology and local effects, 273 rather than only by crack propagation. In fact asymptotic trends have been found in first 274 time failures and in both brittle and lowly brittle materials. The crack propagation 275 explanation is not neglected, but it may not represent the general rule.
276
 Most recent displacement monitoring data increase the confidence when estimating the 277 time of failure but do not necessary provide more accurate predictions than the older ones 278 (provided that they start from after the initiation of the tertiary creep).
279
 The developed approach integrates more forecasting methods to further improve the 280 reliability of the prediction. 281
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